Background: The influenza A virus has evolved into 16 hemagglutinin (HA) subtypes with different antigenic properties. Thus far typing has been primarily assay based, but the many sequences available from the US National Center for Biotechnology Information (NCBI) offer alternative ways of characterizing the HA gene. Methods: All available HA sequences from the NCBI were analyzed. The software package HMMER was used to score how a training sequence fitted a profile hidden Markov model (profile HMM) constructed from the consensus sequence of one particular HA subtype, Hx, where x Z 1 to 16. Scores from sequences of the same subtype and from other subtypes were then compared to see if they were separable. This approach was implemented in a stepwise manner, utilizing a sliding window of 100 amino acids with 10-amino-acid increments to build many subtype-specific models, and then assessing which 100-amino acid segments yielded the desired differentiability. Results: Segment-based analysis revealed domains that correlate to HA sequence heterogeneity from one subtype to the others. For example, we showed that H1 segments covering only the second half of HA are not statistically separable from H2, H5 and H6 within the same region, suggesting evolutionary relatedness for these subtypes. The HA1 domain was found to be mostly differentiable between subtypes, which is in line with wet-lab findings that the domain is antigenicity-rich. We also reported a couple of regions that can be conveniently used to characterize all HA subtypes. Conclusion: We established an analysis framework for assessing sequence-subtype association to provide insights into HA subtypes with close evolutionary relationships.
Introduction
The influenza A virus is a negative-stranded RNA molecule consisting of eight genomic segments. The virus is divided into subtypes on the basis of major differences in surface protein hemagglutinin (HA) and neuraminidase (NA), including 16 HA and nine NA antigenic subtypes. 1 Through continuous mutation, the HA gene has evolved into the observed multiple subtypes, which help the virus escape tracking by the human immune system, and have resulted in several pandemics. 2, 3 Conventional investigation of influenza A virus HA subtypes has been primarily based on biological assays such as the hemagglutination inhibition (HI) test. 1, 4 These assaybased diagnoses are labor and time consuming, and often give rise to a negative result if antigenic changes have occurred as a result of alterations in the HA gene. 5 In recent years HA sequences have become increasingly available, so that pair-wise comparison 6, 7 and a database search 8, 9 are now alternative ways of characterizing the HA gene. While Rost 10 indicated that sequence alignment may produce unambiguous results when the pair-wise sequence identity of long alignments is greater than 40%, Park et al 11 also suggested that if sequence identities of related proteins are less than 30%, a database search will often fail to detect the relationship between the query and target strains. Nevertheless, those methods require that reference strains of known subtypes are chosen for comparison. The task of choosing appropriate representative strains itself often requires extensive biological knowledge, and the choices made can inevitably affect the outcome.
To make use of all available sequences, and thus avoid the need to choose subtype-specific HA representatives during sequence comparison, we multiply aligned all the HA sequences from a given HA subtype and built on their consensus a probabilistic model called a profile hidden Markov model (profile HMM), using the software package HMMER. 12 Previously we reported the use of profile HMMs to molecularly detect enterovirus type 71 (EV71) strains. 13 A profile HMM 12,14e16 is both statistically and probabilistically intrinsic, which makes it ideal for a quantitative assessment of how an individual sequence belongs to a profile. Profile HMMs have been extensively used in the Pfam database of protein families, 17 which allows protein families to be searched for, classified and characterized.
In the present study we expanded the use of profile HMMs in detecting EV71, and found it useful in revealing HA fragments that show specific association to a given subtype. All nonredundant influenza A HA protein sequences in GenBank, the US National Institutes of Health genetic sequence database, were downloaded for investigation. Instead of constructing a single model based on the entire HA gene, we used a sliding window of 100 amino acids, with 10-amino-acid increments, to build many segment-based, type-specific profiles, and then evaluated how these 100-amino-acid segments might serve as molecular targets in separating sequences of one specific HA subtype from other subtypes. Such segment-based analysis helps to establish a framework for assessing sequence-subtype association to identify major antigenicity domains, and provides insights into viral subtypes with close evolutionary relationships.
Methods
Sequence retrieval and pre-processing A total of 22,503 HA protein sequences were collected from the Influenza Virus Resource 18 of the US National Center for Biotechnology Information (NCBI) for all viruses isolated up to February 2009 (inclusive) for model development and training. They were manually curated by removing short sequences (less than 100 amino acids; 370 sequences), redundant sequences (approximately 30% of the total sequence count), and sequence records that contained an unknown amino acid, represented in the single-letter alphabet as 'X' (742 sequences). The resulting 16, 198 sequences were further grouped into 8958 full-length sequences (at least 500 amino acids long) and 7240 partial sequences (Table 1 ). Other than the described training sequences, we gathered an additional 3520 HA sequences from March 2009 to January 2011 to validate our method.
Building profile HMMs and computing for HMMER raw scores
Profile HMMs for each of the HA subtypes were constructed using the software package HMMER version 3.0.
12 Subtypespecific full-length training sequences for each subtype from Table 1 were firstly aligned using the computer program MUSCLE (multiple sequence comparison by logexpectation), version 3.8.31, 19 and the resulting multiple sequence alignments (MSAs) were each read by the program hmmbuild in HMMER, which in turn generated one model for each subtype. Together we built 14 subtype-specific models, except for subtypes H14 and H15, which contained, respectively, only three and six full-length sequences. They were excluded from the HMM model building proposed in this study because of limited sample sizes for yielding statistically significant results.
The HMMER program hmmsearch was used to compute for an HMMER raw score for any given training sequence per established HMM profile of subtype Hx (x Z 1 to 16 excluding 14 and 15). An HMMER raw score represents the log-odds the training sequence belongs to the given model created by hmmbuild. To maximize the effectiveness of our molecular diagnosis, we also utilized full-length sequences to train our models in addition to the listed partial ones. Scores produced from full-length sequences, however, would be unrealistically higher as these sequences were already used in the construction of their profile HMM earlier. To correct such over-fitted scores, we employed a cross-validation method described in our previous report. 13 As the size of HA varies among subtypes, we have provided 16 reference strains 1 for describing the coordinates of HA alignments in Additional file 1 (http://vbrc.cgu. edu.tw/phmms/Additional_file_1.fas). To reveal sequence similarity among those subtypes, we additionally used the program hmmemit to generate one subtype-specific consensus sequence from each of the 16 HA MSAs (the same ones used to generate profile HMMs), and showed a grand MSA that is presented in Additional file 2 (http:// vbrc.cgu.edu.tw/phmms/Additional_file_2.fas).
HMMER raw score normalization and conversion to Z-score HMMER raw scores produced above were found in general to be proportional to the length of the locally aligned segment between a query sequence and a profile. As a result we normalized each of these scores by this length, and further transformed the normalized raw scores into a Z-score representation, a quantity mathematically represented by
where X is a normalized HMMER raw score to be converted, s the standard deviation, and m the mean of the normalized HMMER raw scores.
Segment-based analysis
To better reveal the differentiability of training samples on different parts of the HA gene, we implemented a segmentbased analysis, in which we defined multiple 100-aminoacid segments incremented by a 10-amino acid sliding window from the N-to the C-terminus of the entire HA gene. We used these 100-amino-acid segments to build 658 subtype-and position-specific models (47 for each of the 14 subtypes). In quantitatively assessing the separation of the two types of scores, we defined a separation distance S as the subtraction of the largest non-Hx Z-score from the smallest Hx Z-score, where x represents any one of the 14 HA subtypes, and graphed a subtype-specific S distribution for these 100-amino-acid segments. A positive S value suggests that a cut-off Z-score threshold exists in separating non-Hx sequences from Hx ones, based on the profile HMM of Hx. This allows us to assess which 100-amino-acid segment(s) may best differentiate between the scores of a given subtype and the remaining subtypes.
Validation of the proposed molecular diagnosis
Only segment-based models having positive S values are incorporated in our molecular diagnosis. For each of these models, the arithmetic mean of the minimal Hx Z-score and the maximal non-Hx Z score was precomputed as a cut-off value Z * for a binary classification test 20 described in Fig. 1 . Every testing sample of subtype Hy was firstly aligned to each of these recruited segment-based models. The top-scoring model Hx emerged and its threshold Z* retrieved. A result was deemed to be positive if the computed Z-score for the testing sample was ! Z* and the testing sequence displayed the same subtype as the 
Results
The HMMER raw score distribution of all training sequences evaluated with H1 profile (based on full-length H1 sequences) is shown in Fig. 2 as an example, in which the separation of H1 versus non-H1 scores is readily assessed.
There exists a clear separation of H1 and non-H1 sequences for a length of approximately 400 amino acids or longer. An inset of Fig. 2 stretching for 200e300 amino acids and scores 400e600 shows the mixing of H1, H2, H5, and H6 sequences. Graphs similar to Fig. 2 for other subtypes were also recorded (data not shown). In particular, we found the mixing of HMMER raw scores in various groupings, including {H3, H4, H14}, {H7, H10, H15}, {H8, H9, H12}, and {H11, H13, H16}, in addition to the mixture of H1, H2, H5 and H6 sequences shown in Fig. 2 . These groupings of subtypes were also found to conform to the reported phylogenetic tree topology. 1, 21, 22 To better define a quantitative measurement of the intended separation for scores, we further transformed the HMMER raw scores into Z-scores. Taking the same data shown in Fig. 2 , for example, all HMMER raw scores were firstly scaled by the length of alignment (the horizontal axis) that produced the raw scores in hmmsearch, and then converted into Z-scores. Fig 3A shows the distribution of Zscores, in which the separation between H1 (circles) and non-H1 (triangles) sequences can be easily assessed. The crossover of H1 and non-H1 scores in Fig. 3A suggests that either some H1 sequences (with low Z-scores) did not score high enough to fit this H1 profile, or that some of the non-H1 sequences were probabilistically similar to the H1 subtype in yielding relatively high Z-scores.
Upon observing that the scores from different subtypes might cross over and thus result in a negative S value as exemplified in Fig. 3A , we performed an alternative analysis based on many smaller and overlapped segments, and rebuilt a subtype-and position-specific profile HMM on each of these segments. Full-length HA alignments were divided into multiple 100-amino-acid segments, each representing Figure 2 . Length-specific HMMER raw scores generated by training samples with respect to a profile HMM generated from the multiple sequence alignment of H1 full-length sequences. The horizontal axis displays the matched hemagglutinin (HA) sequence length in amino acids revealed by hmmsearch. The vertical axis represents the HMMER raw scores. a segment of alignment containing positions 1e100, 11e110, 21e120, and so on, in which the coordinate labels are subtype-specific, according to the prototype strains shown in Additional file 1. As illustrated in Fig. 3B , the 18 th segment is apparently capable of yielding separable Zscores for H1 and non-H1 sequences with an S value of 13. Fig. 3C , on the contrary, shows that the 35 th segment gives a minimal S value of À6. This 100-amino-acid segment is not able to differentiate between H1 and non-H1 sequences, because of one single low-scoring H1 sequence with a Zscore of approximately À14.
Following the construction and training of 658 subtypespecific, segment-based models, we used an additional 3520 sequences to validate our method. Five test cases (Table 2) were performed according to all segments of positive S values. Over 99% of the testing sequences were TP for various cases. The count for TN ranges from 2 to 22, as fewer models were available for the purpose of classification as a result of applying a more stringent (bigger) S value. The number of negative cases increased significantly from a count of four in Case 3 to 22 in Cases 4 and 5, which allowed us to conveniently choose S values no less than two as a criterion to recruit useful 100-amino-acid segment-based models with which to perform the proposed molecular investigation.
The aforementioned segment-based analysis reveals what segments are useful in differentiating one influenza A HA subtype from others. Graphs of segments with variable S values are presented in Fig. 4 , where the 14 investigated subtypes are separately shown in different sub-figures based on their groupings of HMMER raw scores. Segments showing more positive S values are considered better molecular targets associating to one particular subtype. Taking þ2 as a significant S value for separating one specific subtype from the others (dotted line in Fig. 4) , we see that most of those 100-amino-acid segments have well exceeded this threshold for H8 to H13 and H16 in Figs. 4C to 4E, except for H13 segments from 251_350 to 341_440 in Fig. 4E . Further checking revealed that all 17 H16 sequences included in the training set hit unusually high HMMER raw scores to H13 model and caused this failure in differentiation. In other words, the H13 and H16 sequences are more similar in these mentioned segments than in any other part of HA.
Discussion
For a given subtype-specific profile, training data were used to reveal how homotypic (of the same Hx type) and heterotypic (of non-Hx type) sequences are separated on the basis of their HMMER raw scores with respect to this model. It was found, however, that the homo-and hetero-typic scores did not completely separate the sequences, as exemplified in Fig. 2 . Among the possible reasons for this incomplete separation is that some of the short sequences matched to a model position containing insufficient "subtype-specific information". This would have lead to either a homotypic sequence not scoring high enough with respect to the model, or a heterotypic sequence that did not hit a score low enough to separate it from the homotypic ones.
To justify this hypothesis, we performed the profile HMM analysis in a segment-based manner. The reason for choosing a 100-amino-acid sliding window is that many DNA sequencers can easily produce a nucleotide sequence that is at least 300 base pairs long. This makes an HA sequence to be molecularly characterized likely to comprise 100 or more amino acids. Using segment-based analysis, we see in Fig. 4A that H1 segments containing those non-H1 sequences with elevated HMMER raw scores in Fig. 2 mostly exhibited S values of two or less, with many of them further plunged into negative territory in the second half of HA. This example clearly demonstrates, based on our findings, that certain H1 domains are evolutionarily closer to some subtypes than others. The locations of these nondifferentiable segments are also subtype-dependent, and can be easily visualized in Fig. 4 .
It is noted that some segments with negative S values in Fig. 4 are largely the result of a number of non-Hx sequences that produced high HMMER raw scores to the Hx model of interest. For example, we observed all H16 sequences included in the training set hit relatively high HMMER raw scores to the H13 model, and resulted in 10 consecutive H13 segments with S < 2 (Fig. 4E) . If we removed all H16 sequences from our training set, the S values of all these H13 segments completely recovered into positive territory. We can further illustrate this by using the grand MSA of the consensus sequences for all 16 subtypes, shown in Additional file 2, in which the genomic span of these H13 segments with S < 2 (a 190-amino-acid stretch from positions 251 to 440) shows 90.5% identity to H16, compared to only 78.1% for the remaining HA. Similar observations were also made on some segments from other subtypes with low S values. For example, a stretch of H5 and (E) H11, H13, and H16. The grouping was based on the evolutionary relatedness revealed in this study. Graphs for H14 and H15 were excluded for their lack of training sequences from the National Center for Biotechnology Information (NCBI). The dashed line shows a threshold of S Z 2. segments with S < 2 (320 amino acids long, from positions 241 to 560), shown in Fig. 4A , is 71.2% identical to H1, 81.2% to H2, and 70.6% to H6, whereas for the remaining HA stretches the percentages are lower at 53.7%, 67.9%, and 49%, respectively. Another example is a 290-amino-acid H7 stretch (20 segments with S < 2, from positions 271 to 560 in Fig. 4C) , with 76.1% identity to H10 and 84.1% to H15, whereas for the remaining HA the degrees of identity are only 55.7% and 76.2%, respectively.
We noted that segments with negative S values (Figs. 4A to 4C) are mostly located in the mid-to after-part of HA gene. Those 100-amino-acid segments within approximately the first two-thirds of this surface glycoprotein, also known as the HA1 domain, are mostly differentiable between subtypes. This phenomenon is in line with other reported findings, 23, 24 that the HA1 domain has much richer antigenicity than the remaining HA2 domain. Our method further pinpointed segments with large S values that may contain important molecular information for the evolution of influenza A virus into various subtypes. Segments with large S values that are common among subtypes, such as segments 21_120 to 211_310, represent genomic locations that can be used in distinctly characterizing all 16 HA subtypes, and can be useful for designing diagnostic probes or polymerase chain reaction (PCR) primers for molecular detection.
Depending on what population is to be detected or characterized, the "subtype" column of Table 1 can be easily re-assigned to a phenotype of interest, for example, "Human H1" or even "Recent Avian H1". The analysis framework proposed here is equally applicable to other influenza gene segments or genes from other organisms, provided that a homo-and hetero-typic grouping can be made and respective training samples properly assembled.
